Researchers have argued that neighborhoods are an important determinant of labor activity. Using confidential street address data from the NLSY79, respondents were linked to neighborhood social characteristics and measures of job proximity. A one standard deviation increase in the social characteristics of a neighborhood increases annual hours by 6.1%; a similar increase in job proximity raises hours by 4.7%. Labor market activity at the individual level is positively related to labor market activity of neighbors. But employment is not the only neighborhood characteristic that matters. Being in a disadvantaged neighborhood, as measured by a variety of characteristics, reduces market work. Social interactions have non-linear effects with the greatest impact in the worst neighborhoods. Social interactions are also more important for less educated workers. Estimates that do not account for neighborhood selection on the basis of time-invariant and time-varying unobserved individual characteristics substantially overstate the social effects of neighborhoods but understate the effects of job access.
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Do Neighborhoods Affect Hours Worked: Evidence from Longitudinal Data
I. Introduction
Economists and sociologists have argued that neighborhoods affect labor market activity along with a variety of other youth outcomes. Two classes of models have been proposed. Social interaction models posit that low labor attachment in a neighborhood reduces individual labor attachment either because neighbors' behavior affects attitudes toward work or information about job opportunities.
1 Alternatively, spatial mismatch models argue that individuals living in neighborhoods spatially isolated from jobs work less because they have less access to information about job opportunities and face longer commutes.
Estimates of both sets of effects often indicate that neighborhoods are an important determinant of employment but raise concerns with endogenous neighborhood choice. In the case of social interactions models, unobserved individual characteristics that raise participation may lead individuals to choose better neighborhoods. 2 In the case of the spatial mismatch hypothesis, individuals with exogenously low labor force attachment have less incentive to locate in 1 See Wilson (1987 Wilson ( , 1996 , Massey and Denton (1993) , Granovetter (1995) , Kasarda (1996) , Jargowsky (1997) . 2 Early work on social interactions (e.g. Datcher (1982) ) find positive effects, although these studies have been criticized for lacking effective controls for neighborhood selection (see Jencks and Mayer 1990a) . Many recent studies have employed instrumental variables strategies to control for neighborhood selection. These studies include Case and Katz (1991) , who use the behavior of neighbors' neighbors as instruments; Cutler and Glaeser (1997) , who use inter-city variations in rivers, highways, and number of jurisdictions as instruments for segregation; Evans, Oates, and Schwab (1992) , who use county aggregates as instruments for local behaviors; and Bertrand, Luttmer, and Mullainathan (2000) , who use ethnic differences in welfare recipiency. Corcoran, Gordon, Laren, and Solon (1992) and Solon, Page, and Duncan (2000) find weak effects of childhood neighborhood on subsequent outcomes despite weak controls for neighborhood selection. Plotnick and Hoffman (1995) , Aaronson (1998) , like the present study employ fixed effects strategies. A number of recent studies have turned to experimental designs to obtain exogenous variations in neighborhoods to address these concerns (Ladd and Ludwig (1997) , Rosenbaum, DeLuca, and Miller (1999) , Katz, Kling, and Liebman (2001) , and Ludwig, Duncan, and Hirschfield (2001) ). See Haveman and Wolfe (1995) , Deitz (Forthcoming) and Haurin, Deitz, and Weinberg (Forthcoming) for a recent reviews.
neighborhoods with good job access. But estimated effects of job access can also be biased downwards since individuals with weak labor force attachment may be attracted to older neighborhoods around central business districts with the best job access (see Glaeser, Kahn, and Rappaport 2000) . 3 Thus, endogenous neighborhood choice is likely to bias estimates of social interactions upward, while estimates of the mismatch hypothesis may be biased in either direction.
We address these questions using a unique data set. For administrative purposes, exact street addresses were recorded annually for respondents to the 1979 National Longitudinal Survey of Youth (NLSY79). Using geographic mapping software, respondents were matched to neighborhood social characteristics from the 1990 Census of Population and to job densities constructed the 1987 Economic Census. The NLSY79 data have a number of attractive features for our purposes. First, the longitudinal aspects of the data make it possible to track the same individuals over time as they move across neighborhoods. In addition, the data focus on individuals at the outset of their work careers for whom neighborhood influences are believed to be strongest.
Finally, these data oversample blacks and Hispanics making it possible to obtain precise estimates for these groups. 3 The literature on spatial mismatch dates back to Kain (1968) , who finds that as employers' distance from black neighborhoods declines so does the fraction of jobs held by blacks (see further analyses by Offner and Saks (1971) and Leonard (1987) ). Much of the work on spatial mismatch exploits inter-neighborhood variation within a metropolitan area. In an influential study using this type of cross-neighborhood variation, Ellwood (1986) found only weak effects of job proximity on employment. More recent intra-city studies by Ihlanfeldt and Sjoquist (1990) and Raphael (1998) have supported the mismatch hypothesis. Another strand of the literature exploits variation across metropolitan areas. Inter-city tests of the mismatch hypothesis generally find stronger effects of job access than do cross-neighborhood studies within a single metropolitan area (examples include Mooney (1969) , Farley (1987) ; Ihlanfeldt and Sjoquist (1989); and Weinberg (1999,2000) , although DworakFisher (2002) finds smaller effects; Martin (2001) shows continuing importance of the mismatch). Only recently has work in this vein begun to consider endogenous neighborhood choice (see Raphael (1998) , Rogers (1997) , Ross (1998) and Weinberg (1999 Weinberg ( ,2000 and Jencks and Mayer (1990b) for a criticism of earlier work). 4 The data also oversample economically-disadvantaged whites. The present study focuses on urban residents so this group, which is predominantly rural, is largely excluded from the analysis.
Our empirical work addresses four questions. First, we ask whether neighborhood social characteristics and job proximity affect individual employment behavior in an effort to distinguish a contemporaneous, causal effect of neighborhoods from neighborhood selection. Second, we consider whether neighborhoods have non-linear effects and whether the effects vary with individual characteristics. Third, we provide some evidence on the channels through which social effects operate. Finally, we address the various forms of heterogeneity that must be controlled to accurately estimate the effects of neighborhoods.
Our major findings can be summarized as follows. We find that neighborhoods have a significant impact on individual employment outcomes. Interestingly, both social influences and job proximity are found to be important determinants of work. 5 A one standard deviation increase in the social characteristics of a neighborhood increases annual hours by 6.1%; a similar increase in job proximity raises hours by 4.7%. In keeping with existing work, these effects are found to be non-linear: Social influences have the greatest proportional effects in the worst neighborhoods (see for example Crane 1991) . Their proportional effects are greatest for less educated individuals.
There is some evidence for greater proportional effects among Hispanics. Our results also shed light on the question of how social influences operate. Labor market activity at the individual level is positively related to labor market activity of neighbors, but employment is not the only neighborhood characteristic that matters. We find that educational attainment in neighborhoods has effects that are comparable to those of neighborhood employment. These findings suggest that the labor activity of neighbors per se may not be the crucial factor.
We examine a variety of statistical models to determine the robustness of the finding that neighborhoods influence labor market choices, starting with weak controls for individual differences and introducing more thorough heterogeneity controls. We exploit the panel aspects of our data to control for both time-invariant individual differences (fixed effects) and individual differences in lifecycle profiles (individual-specific experience profiles). Our results suggest that estimates of neighborhood effects that do not control for heterogeneity properly, even those with a rich set of controls, overstate the social effect of neighborhoods by an order of magnitude.
In contrast, job access generally has a negative impact on hours worked with incomplete controls for unobserved heterogeneity but a significant, positive effect with appropriate controls.
This finding indicates that job access is an important determinant of labor attachment but that estimates of job access relying on within-city variation without controls for selection are biased downwards because the neighborhoods with the best job access (i.e., those that are close to central business districts) generally attract individuals with low labor attachment. This finding can explain the relatively weak effects of job access found in intra-city studies of the spatial mismatch hypothesis (e.g. Elwood 1986).
Even our most conservative estimates may overstate the effect of neighborhoods if exogenous innovations in employment status affect the choice of neighborhoods. After presenting our estimates, we assess this possibility by studying the timing of changes in work behavior around moves. There is little evidence for reverse causality.
Two issues that have received considerable attention in the current literature. The first is structural estimation, which attempts to distinguish the channels through which neighborhoods affect outcomes (see Manski (1993) , Duncan, Connell, and Klebanov (1997) , Brock and Durlauf (1999) , and Moffitt (2001) ). We focus on controlling for neighborhood selection because we regard it as a pre-condition to structural estimation. This study differs from a number of other recent studies that have addressed neighborhood selection using experimental data. While these studies are valuable, they provide estimates of the effect of the treatment on the treated and are ill suited to assessing the impact of neighborhoods on a randomly selected person. 6 Insofar as one quarter of our sample moves in any given year and 90% of our respondents move at least once, our estimates will better reflect the outcomes of moving a randomly chosen person in the population. Our naturally-occurring data are useful for addressing a different set of questions than experimental data, which frequently involve large interventions (in terms of neighborhood social characteristics). Movers in our study are likely to be better integrated into their new neighborhoods, making our estimates more appropriate for assessing the effect of typical moves or the effects of interventions that alter a neighborhood but leave the underlying social connections intact (see Sobel 2001) .
The next section describes the data. The estimation strategy is outlined in section III.
Section IV presents the empirical analysis. Section V considers reverse causality. Section VI concludes.
6 Consistent with this, these studies often indicate that people who moved under the programs studied were those whose outcomes in their original neighborhoods would have been the worst if they had not moved (see Katz, Kling, and Liebman (2001) ). Another issue that arises in experiments is the implications of expanding them (see Sobel (2001) ).
II. Data Description
Sample Construction
The primary data source for this study is the National In order to construct a sample suitable for empirical analysis we introduce several selection criteria. We limit the sample to a subset of the 6,403 young men in the survey. Because our interest lies in post-schooling labor market activity we follow individuals from the first time they leave school. To avoid counting summer breaks or other inter-term vacations as leaving school, we define a schooling exit as the beginning of the first non-enrollment spell lasting at least 12 consecutive months. Accordingly, respondents are excluded from the sample if the date of schooling exit cannot be clearly ascertained from the data. Table 1 provides a detailed summary of sample deletions. In order to enter our sample, a respondent must have at least 8 valid observations as a civilian, residing in an MSA, with an exact address match, so we can identify the Census block group in which they reside. 7 In addition, we impose two additional restrictions: (1) Address data that could be matched exactly to a location in the TIGER files for at least 8 years; (2) Valid data for all other variables used in the main analysis, except AFQT score and mother's highest grade completed. On the whole, although we implement stringent sample selection criteria, we experience only modest changes in the sample composition. Moreover the geocoding restriction itself has little effect. Thus, we do not believe that we have introduced serious sample selection bias as a result of our sample selection criteria.
Summary Statistics
Table 2 presents sample statistics, based on the person/years, for the variables used in this study. The main dependent variable in our analysis is the natural logarithm of annual hours plus one.
We also consider annual hours measured in levels, rather than logs, and the log of annual earnings.
To create a measure of annual hours, we utilize the work history hours array, which contains the usual hours worked per week at all jobs from Jan. 1, 1978 through the final interview week. We then sum over all weeks in each calendar year to obtain a measure of annual hours. Data on calendar year earnings were drawn from questions about earnings over the calendar year prior to each interview. Hours and earnings for each calendar year were then linked to data on the respondent's residence at the previous interview so that the residence is contemporaneous with both calendar year hours and earnings. 9 This structure was chosen because most surveys occur during the summer, so that if moves occur midway between interviews on average, the calendar year will best reflect the place of residence.
To capture individual differences in ability to acquire skills, we include the score from the Armed Forces Qualifying Test (AFQT). AFQT scores are constructed from a subset of scores from the Armed Services Vocational Aptitude Battery (ASVAB), which was administered to 94%
of the original NLSY79 respondents in 1980. AFQT is used by the armed services to assign workers to various jobs within the military and is considered to be a useful measure of worker trainability (Neal and Johnson, 1996) . The AFQT score that we use in our regression analyses is adjusted for the age at which the respondent took the test. 10 The respondents in our sample include the oversamples of blacks and Hispanics, along with a handful of poor whites, who perform less well on the AFQT than a representative sample, like the cross section. Therefore, it is not 9 To be included in the sample in any given year a respondent also had to complete the following wave of the survey. This requirement was necessary in order to ensure that the residential location and earnings data are contemporaneous. The earnings questions pertain to the previous calendar year (except in the 1996 wave when the survey was biennial and two years of earnings data were collected), but the residential information pertains to the current place of residence. Requiring two consecutive interviews to be completed ensures that earnings data are matched to data on the residence at the time the earnings accrued. We note that the two-consecutive interview requirement was not necessary for constructing annual hours in that respondents who missed interviews were asked about their hours worked since their last interview. Our procedure of requiring two consecutive interviews does increase the accuracy of the hours data because accuracy drops as time elapses. 10 The test is designed and normed for individuals age 17 and above, but was administered to NLSY79 respondents in 1980 when some were 15 and 16. On average they scored 10 percentage points below the older respondents. To control for this, we use the cross section sample within the NLSY79 to construct birth year mean scores. We then take each respondent's individual score and subtract from the birth year mean.
surprising that the mean deviation in AFQT from birth year means is -8.7.
The average number of respondent's own children residing in the household is 0.6. This number is low due to the age range of the respondents, lack of marital stability, and tendency for children of divorce to reside with the mother.
We geocoded the respondents addresses and merged in neighborhood social characteristics at the Census tract and block group level from the 1990 Census of Population.
Information on job access came from the 1987 Economic Census that reports employment at the zip code level. Jobs were matched to the latitude and longitude of the zipcode centroid. In geocoding the respondents addresses we identified the latitude and longitude of current residence.
Combining this information we were able to calculate the number of jobs within a 5-mile radius of the respondent weighted by the inverse of the distance from the respondent's residence. We also construct population densities in an analogous procedure using zipcode data from the 1990 Census of Population. To control for differences across metropolitan areas in transportation costs and density, the job and population densities are taken as log deviations from MSA means.
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Since we rely heavily on fixed effects estimation, identification of social characteristics and job access come from individuals who move across neighborhoods. There is a lot of movement across tracts and block groups in our data. Twenty-five percent (23 %) of the person/year observations involve a move across Census block groups (tracts). At the individual level, 92 percent (89 %) of the individuals move across block groups (tracts) at least once.
III. Estimation Strategy
This section describes our estimation strategy. As emphasized, a concern with existing studies of neighborhood effects is that the choice of neighborhood is affected by unobserved characteristics. There are two fundamental approaches to this problem -to start with contaminated data and introduce controls for heterogeneity; or to identify and exploit an exogenous source of variation in neighborhood choice. We have chosen the first approach in the absence of attractive instruments for neighborhood choice. To gauge the impact of individual heterogeneity on estimates of neighborhood effects and to enable the reader to assess the appropriate controls, we start with specifications with weak controls for individual heterogeneity and introduce more thorough controls. We then investigate the effectiveness of our controls by investigating changes in labor market activity around moves.
We exploit the longitudinal aspects of these data by estimating panel regressions. Consider
Here, it y is a measure of labor market outcomes for individual i in year t. We consider a range of specifications. Our main results take it y to be the natural logarithm of annual hours (plus one). This places greater weight on changes in hours around zero, because the same absolute change represents a greater percentage change. We also consider annual hours in levels as well as the log of annual income.
The individual's observable characteristics at time t are given by it X . The social characteristics and job accessibility of the neighborhood in which he resides at time t are given by it N . The unemployment rate at time t in i's county of residence is given by it U .
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We consider three main specifications: OLS estimates, in which the intercept is constrained to be equal for all individuals ( t i it , ∀ = α α ); fixed effects models, in which the intercept is allowed to vary across individuals but not over time ( t i it ∀ = α α ); and fixed effects models that allow the effects of experience to vary across individuals. 13 The latter estimates are based on individual deviations from the typical experience profile where the strength of the common experience profile is allowed to vary across individuals. These estimates were generated in a three-stage procedure.
First, we construct a typical experience profile for each variable (dependent and independent) by regressing it on a quadratic in experience using all person/year observations in the sample. Let it z denote an arbitrary variable used in the analysis and it e denote years of potential experience, we To allow the effect of experience to vary across individuals, second stage individual-specific regressions were run in which each variable was regressed on an intercept and the typical experience profile for that variable as follows:
The residuals from this regression were obtained. In the third stage regression, each variable (dependent and independent) was replaced by its z it ζ , the deviation of that variable from its typical experience profile
These estimates are reported below.
IV. Empirical Results
Baseline Estimates
Our initial measures of neighborhood characteristics are the employment rate of adult men in the respondent's block group and the job density measure. Adult employment is intended to capture social influences. To the extent that neighbors are an important source of information about job opportunities, neighborhood employment rates will also affect available information. correct for the correlation in errors within individuals, which are estimated explicitly in the other specifications. 14 An alternative procedure would have been to allow for individual-specific linear or quadratic experience profiles in addition to the individual fixed effects. Since hours are concave over the lifecycle, the present procedure allows for a more plausible functional form than a linear experience profile. This procedure, like the individual-specific linear experience trends, uses approximately 2 degrees of freedom for each respondent, whereas individual-specific quadratic experience profiles use 3 degrees of freedom for each respondent. Under the hypothesis that the effect of experience varies across individuals, but that the shape of the experience profile is similar across people, estimates from the current procedure should be similar to those that allow for hypothesis, individuals living in areas that are closer to jobs do not work more than those that are far from jobs. Education and experience both raise work. Blacks work substantially less than observationally equivalent whites.
The second specification includes a richer set of time-invariant control variables (AFQT, a dummy variable equal to one if AFQT was missing, mother's education, a dummy variable equal to one if mother's education was missing, and foreign born) and time-varying controls (marital status and the natural logarithm of (one plus) the number of own children present). Including these controls reduces the effect of adult male employment. Job proximity takes on the expected positive sign, although the effect is small and estimated imprecisely. Higher AFQT scores are associated with more work. Surprisingly, an increase in mother's education is associated with lower hours.
This result is due in part to colinearity with AFQT. Finally, people born outside the US work more than non-immigrants. As expected, married men and men with more own children present work more.
The standard deviation across neighborhoods of the employment rate and the job proximity measure are .148 and 1.065 respectively. Given these estimates, our estimates reported in column 2 suggest that a one standard deviation increase in neighborhood employment raises annual hours by 28% while a one standard deviation increase in job proximity leads to an increase of .4%.
Although our dependent variable, annual hours, is not directly comparable to the neighborhood employment variable, the coefficient above 1 may indicate instability of the model. Overall, OLS estimates that control for individual heterogeneity using a rich set of control variables imply individual quadratic effects. Consistent with this hypothesis, the present procedure generates point estimates implausibly large social effects of neighborhoods and a weak or even negative effect of job proximity.
The between estimator (reported in column 3) is of interest in that it corresponds most closely to the estimator that would be obtained from pure cross-sectional data. The estimates for neighborhood employment exceeds the other estimates by a considerable margin, again indicating that naïve estimates of social interactions substantially overstate the true effects. Similarly, the between regression shows small effects for job access. Controlling for fixed individual differences reduces the relationship between neighborhood employment rates and work by two-thirds compared to the corresponding OLS estimates. Thus, a correlation between unobserved fixed individual characteristics and neighborhood characteristics accounts for the majority of the social "effects" of neighborhoods estimated using OLS. Whereas that are quite close to those that allow for individual quadratics but standard errors that are substantially lower. 15 We also estimated the model using GLS. Not surprisingly given the importance of selection, the model failed a Hausman test, yielding a p-value beneath .0001.
the OLS model implied an instability in the social effects, these estimates do not. Based on these estimates, annual hours worked are increased by 9.5% by a one standard deviation increase in neighborhood employment. Including fixed effects also makes the effect of job proximity positive and significant, both economically and statistically. A one standard deviation increase in job access leads to a 3.6% increase in annual hours. This finding indicates that OLS estimates of the effect of job locations are biased down because of a tendency for low attachment workers to cluster in neighborhoods that are close to jobs. 16 Thus, it appears that estimates of the mismatch hypothesis that use cross-neighborhood variation in job access risk understating the true effects of neighborhoods. Given the interest in manufacturing as a source of jobs for less skilled men, we tested the robustness of these results by focusing only on manufacturing job densities and obtained similar results.
Individuals may exhibit different growth rates in labor attachment as well as time-invariant differences. Individuals experiencing the greatest increases in labor force attachment might be expected to upgrade their neighborhoods more rapidly than others. To control for this possibility, the estimates in columns 6 and 7 control for individual-specific experience effects as well as individual fixed effects. The estimates of neighborhood employment are somewhat beneath the fixed effects estimates, however the effects of job locations are greater than those that only include individual fixed effects. This reduction in social interactions is consistent with dynamic selection on the basis of unobserved time-varying characteristics. On the other hand, it is well known that, in the presence of measurement error, the reduction in variance in the independent variables from fixed effects estimates biases such estimates downward (see, for example, Griliches and Hausman 1986) . These estimates, which exclude 85% of the raw variance and 40% of the variance available in the fixed effects, may suffer from attenuation bias. Most likely, the true effects lie between these estimates and the fixed effects estimates. These estimates imply that a one standard deviation increases in neighborhood employment and job proximity raise annual hours by 6.1% and 4.7%
respectively.
Alternative Specifications
This section considers a range of alternative specifications to investigate the robustness of the preceding results. The measure of work effort in the previous section was the natural logarithm of one plus annual hours. This specification places considerable weight on changes in hours among people with low hours. While much of the interest in neighborhoods arises from concern about people on the margins of working, it is worth probing the sensitivity to the non-linearity imposed by this model. Table 4 , panel 1 takes annual hours, measured in levels, as our dependent variable (the models are the same as those reported in columns (2), (5), and (7) The estimates, presented in panel 2 of table 4, show similar sign patterns to the main estimates in Table 3 , with the neighborhood employment variable declining consistently as more controls are included and the job density variable starting negative and becoming positive with the addition of controls. Given the reduction in sample, it is not surprising that the earnings estimates are less precise. 18 In all cases, the estimated effects are smaller (closer to zero) when earnings are taken as the dependent variable than when annual hours are the dependent variable. Thus, there does not appear to be an effect of neighborhoods on hourly wages in addition to the effect on hours worked.
Panel 3 of table 4 returns to a model in which the dependent variable is log annual hours, but includes population density in addition to the other neighborhood variables. Population density can either capture heterogeneity as people with lower labor attachment choose to live in higher density inner-city neighborhoods or labor supply. These specifications show that population density is associated with lower annual hours in OLS, but it is insignificant in specifications that include either fixed effects or fixed effects with individual-specific time trends. If population density captures the effects of labor supply, one would expect a negative coefficient even in the models with fixed effects. The lack of significance with either fixed effects specification indicates that the negative effect of population density in OLS reflects the concentration of people with low labor attachment in inner city neighborhoods where densities are highest. For this reason, our remaining models exclude the population density.
In the fourth panel of To explore these possibilities, we have re-estimated our basic log annual hours models using tract-level measures in place of the block group measures. The estimated coefficient on the tract level employment rate of adult men implies that a one standard deviation improvement in the employment rate of neighbors leads to a 4.6 percent increase in annual hours. This implied effect is only 75 percent of the 6.1 percent effect obtained using block group characteristics. Thus we conclude that nearer neighbors have a larger effect on labor market choices than do more distant neighbors.
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A Variety of Neighborhood Characteristics
The preceding estimates indicate that neighborhood employment rates and job access exert a strong influence on individual work decisions. This section reports estimates based on other measures of neighborhood characteristics for the specifications in columns (2), (5), and (7) of Table 3 . The purpose of the analysis is to probe the sensitivity of the preceding results and provide some evidence on the channels through which social influences operate.
We examine five additional variables. We use the employment rate of adult females as a 20 Another dimension along which we can compare the performance of tract and block group characteristics is on their explanatory power. Given the extensive controls already included, models based on tract characteristics explain about the same amount of variance, measured by the R 2 of the regression, as do block group characteristics.
second employment variable to test the robustness of our finding for the adult male employment rate. If there are informational externalities to job holding, living in a neighborhood with higher employment rates of females, as well as males, should raise labor force attachment. We use two variables to measure aggregate levels of human capital in the neighborhood: the fraction of neighborhood residents, over the age of 25, that have not completed high school and the fraction that have completed college. We contrast the effects of employment and human capital with measures of general social disadvantage. For this purpose, we use the fraction of households with public assistance income and the poverty rate among 25 to 34 year olds in the neighborhood, who are closest in age our sample. Table 5 reports regression results including one neighborhood variable in each regression.
For comparison purposes we also report results in which male labor force participation and proximity to jobs are separately included. The patterns of the coefficients across specifications are similar to those reported in tables 3 and 4. Introducing fixed effects greatly reduces the implied social effect of neighborhoods. Based on these estimates, there is little question that estimates of the social effects of neighborhoods that fail to control for fixed individual differences risk overstating these effects. In our fixed effects estimates, we find that a broad range of neighborhood characteristics have a statistically significant effect on individual hours worked. 21 However, when individual-specific experience profiles are included only the estimate for adult male employment and job density are statistically significant at a conventional level. The strongest effects are consistently for neighborhood employment, which may indicate that the primary effect of neighborhoods on 21 In column 2, only the poverty rate among 25 to 34 year olds is not statistically significant.
work operates through information about jobs and attitudes toward work, however the consistency of the sign patterns of the other variables make it hard to rule out other sources of causality.
Non-Linearities and Interactions with Individual Characteristics
The effects of neighborhoods are, most likely, not uniform. They may be greatest in the neighborhoods at the extreme low end of the distribution (Wilson 1987 , Crane 1991 , Galster, Quercia, and Cortes 2000 , Krauth 2000 . The effects of neighborhoods are also likely to be greatest for individuals who are closest to the margin to work. We examine these hypotheses by including higher order terms in the neighborhood characteristics and interacting the neighborhood characteristics with individual characteristics. The estimates reported are based on models that control for individual fixed effects.
22 Table 6 reports the effect of including a quadratic term in the neighborhood measures. For the social measures, the estimated sign on the squared term indicates that neighborhoods have the greatest effects at the low end of the distribution. Thus, the employment of men and women in the neighborhood and the fraction of neighborhood residents who have completed college have positive linear terms and negative quadratic terms. Small or negative linear terms and negative quadratic terms indicate that the adverse effects of neighborhood high school dropouts, public assistance recipiency, and poverty among 25-34 year olds are greatest at high levels. Tests for the joint significance of the main effect and squared term indicate that the linear and quadratic terms in the neighborhood variables are jointly significant for both employment rates and the fraction of residents with college degrees. There is no evidence that job access has a non-linear effect, 22 We use models that included fixed effects without individual-specific experience profiles, because once the although the log specification already implies that the marginal benefit of additional jobs is greatest in the worst neighborhoods. Table 6 also reports the effect of a one standard deviation change in each neighborhood variable. To highlight the non-linearities, these effects are reported at three points, the mean neighborhood and in neighborhoods that are one standard deviation better and worse than the mean, with the direction depending on the characteristic. For all social variables, the effects decline considerably as one moves from neighborhoods that are worse than the mean to those that are at the mean or better. The effects of a one standard deviation change in social conditions in neighborhoods that are one standard deviation better than the mean are generally close to zero.
These results also shed some light on which neighborhood characteristics are most important. The largest effects are for the employment rates of adult men in the neighborhood and the fraction of neighborhood residents who have completed college. The employment of women in the neighborhood and the fraction of residents who have not completed high school are both only slightly lower. The finding that female employment increases the labor force attachment of the men in our sample reinforces our conclusion that employment in general is one channel through which neighborhoods affect labor activity, as would be the case if job information from working neighbors was responsible for the effects. Given the high correlations between these variables and the possibility that the education of neighbors affects outcomes through its effect on employment, some caution is in order, but the strong effects of neighborhood education suggest that neighborhood employment per se may not be the only factor that affects labor force attachment.
data are detrended so much of the variation in neighborhood characteristics is lost making it impossible to pick Table 7 
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Model 2 in Table 7 explores interactions between the neighborhood variables and black and Hispanic background. The interactions with black consistently show that the social effects of neighborhoods are greater for blacks, but the differences are not statistically significant (see Duncan, Connell, and Klebanov 1997 on racial differences in neighborhood effects). 24 Given the standard errors, it is not clear whether the effects of neighborhoods are greater for blacks, however social influences do contribute to black-white employment differentials because blacks tend to live in neighborhoods with worse characteristics than non-Hispanic whites.
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up interactions or non-linearities in the effects of neighborhood characteristics. 23 One explanation for the greater response at low levels of education is that people with less education have lower hours and our log specification places greater emphasis on people with low hours. This does not account for our results in that the education reduces the effect of neighborhoods when the dependent variable is hours in levels (rather than logs). 24 The interaction with poverty is the sole exception. 25 The neighborhood male employment rate is lower for blacks than for non-Hispanic whites (59% versus 73%); larger (percentage) differences are seen in the fraction of adults in the neighborhood who did not complete high school (38% versus 22%), the fraction of adults in the neighborhood who completed college (12% versus 21%), the fraction of neighborhood households with public assistance income (19% versus 7%) and the fraction of 25-34 year olds in the neighborhood living in poverty (25% versus 9%).
The estimates for the social variables generally indicate that social influences have a larger effect on Hispanics, who may live in more homogeneous neighborhoods, than on non-Hispanics (see related work by Borjas 1995) . The interactions with Hispanic show that they are more sensitive to the neighborhood male employment and high school non-completion and less sensitive to job access. As with blacks, Hispanics tend to live in neighborhoods with worse social characteristics than non-Hispanic whites, which can help explain differences in work.
26
V. Reverse Causality
A concern with our estimates is that exogenous changes in employment status may lead to changes in neighborhoods rather than the reverse. This possibility is hard to rule out. Nevertheless, it is possible to assess the importance of reverse causality by examining the timing of changes in employment status relative to changes in neighborhood characteristics. A finding that employment rates increase in the years leading up to moves into better neighborhoods would suggest that exogenous changes in employment status are an important determinant of neighborhood choice and that the preceding estimates may be biased upward. While not dispositive, a finding that employment rates are constant or declining prior to moves into better neighborhoods would undermine the reverse causality argument.
For this analysis, we regress work behavior on leads and lags of changes in neighborhood characteristics. We explore specifications that include fixed effects and individual-specific 26 The neighborhood male employment rate is for Hispanics is 67% versus 73% for non-Hispanic whites; high school non-completion among adults neighbors is higher for Hispanics than for both whites and blacks (42% versus 38% and 22%), the fraction of neighborhood residents who have completed college is equal to that for blacks (12% for both versus 21% for whites). The fraction of households in the neighborhood with public assistance income is higher for Hispanics than non-Hispanic whites (15% versus 7%) as is the fraction of 25-34 year olds in the neighborhood in poverty (21% versus 9%), but these figures for Hispanics are beneath those experience profiles in the manner described above. Formally,
Moved denotes a set of dummy variables for whether the respondent moved between years t-1 and t, which control for the direct effect of moving, and it ∆ denotes the change in the respondent's neighborhood characteristics between periods t and t-1 (this variable is, by construction, equal to zero if the respondent did not move). 27 Only variables corresponding to the next and previous move are included.
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The first panel of figure 1 plots the effect of moving to a neighborhood with 1 standard deviation higher adult male employment (
) along with 2-standard error confidence bands 29 . The results show a decline in hours in years 7 through 5 before the move, a rebound in the next two years, and a slight decline until the move. After the move, hours increase for the first 5 years before declining. Thus, hours trend upward after a move into a high employment neighborhood. Taking time in the neighborhood as an indicator of integration into networks, the effect of being in a high employment neighborhood is greatest after people have become more integrated into their neighborhoods.
for blacks. 27 The timing of moves is not available from the survey only information on the place of residence at the time of the interview. In the present analysis, we estimate employment over the survey year to bracket moves. 28 If, for example, a person moves twice the variables corresponding to the neighborhood of residence after the second move are set to zero until after the first move occurs. Once the second move occurs the variables corresponding to the neighborhood of residence prior to the first move are set to zero. This procedure ensures that the effects of changes in characteristics are not estimated from people who are no longer living in a neighborhood. An alternative would be to include characteristics for all neighborhoods in which the respondents lived. We have chosen this procedure because we believe that the first-order effect of a neighborhood comes from people who are currently living in it, although estimates that do not zero out in the case of multiple moves also show little evidence of reverse causality. 29 These estimates net out the direct effect of moving. More precisely, they give the effect of moving from one
The second panel of figure 1 shows the effect of moving to a neighborhood with one standard deviation better job access. Hours decline in years 7 and 5 before the move and display small movements up and down until the move. Hours increase in the two years after the move and, with some fluctuations remain at their new higher level.
Both models show that hours are flat in the years immediately before a move and that they increase in the years after the move. Although the confidence intervals preclude precisely timing changes in hours around a move, overall our tests of reverse causation are reassuring in that we do not find evidence of an increase in hours in the years preceding a move, but do find increases in hours after moves into better neighborhoods.
VI. Conclusion
Researchers have argued that neighborhoods affect labor force attachment as well as other youth outcomes. Such effects may stem from social interactions or job proximity. Estimates generally suggest that neighborhood effects are present, but have raised concerns with endogenous neighborhood selection. Using confidential, administrative data, respondents to the NLSY79 were linked to measures of neighborhood social characteristics at the Census tract and block group levels from the 1990 Census and measures of job proximity estimated from the 1987 Economic
Census. Social influences and job proximity are both important determinants of employment status.
A one standard deviation increase in the social characteristics of a neighborhood increases annual hours by 6.1%; a similar increase in job proximity raises hours by 4.7%.
Social interactions have non-linear effects with the greatest proportional impact in the worst neighborhood to another with one standard deviation higher adult male employment relative to moving between neighborhoods. Neighborhoods also exert a greater influence on less educated workers and Hispanics. We find relationships between a variety of neighborhood social characteristics and work indicating that being in a disadvantaged neighborhood is important but that the labor activity of neighbors per se may not be the crucial factor. The analysis indicates that estimates that do not account for neighborhood selection on the basis of time-invariant unobserved individual characteristics substantially overstate the social effects of neighborhoods but understate the effects of job access. To address the possibility of reverse causality, we study the timing of employment changes around moves and find little evidence that increases in employment lead people to move to better neighborhoods.
neighborhoods with the same employment. Note. Two standard error bounds shown. Figures respectively show the effect on log annual hours of moving to a neighborhood with one standard deviation higher neighborhood employment and one standard deviation greater job density within a five mile radius from one with the mean levels between years -1 and 0. Estimates controls for marital status, the log of one plus the number of own children present, the unemployment rate in the county, years prior to / since move, individual fixed effects, and allow for individual differences in the strength of experience profiles. Regressions also include individual fixed effects, education, a quadratic in potential experience, marital status, and log(1+number of own children present). Sample contains 27,313 observations. Reported ÷ 2 statistics are for the joint significance of the neighborhood variable and its square. The critical values for a ÷ 2 (2) at the 10%, 5%, and 1% levels are 4.61, 5.99, and 9.21 respectively. Implied effects are the derivatives of log annual hours with respect to each neighborhood variable (at the given point) times the variables standard deviation. 
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